Abstract. This paper introduces a new database of 25 recto/verso image pairs from documents suffering from bleed-through degradation, together with manually created foreground text masks. The structure and creation of the database is described, and three bleed-through restoration methods are compared in two ways; visually, and quantitatively using the ground truth masks.
Introduction
Bleed-through degradation poses one of the most difficult problems in document restoration. It occurs where ink has seeped through from one side of the page and interferes with text on the other side. There have been many proposed solutions to the bleed-through problem, and it is clear that researchers working in the area of bleed-through restoration are faced with two main challenges. Firstly, it can be difficult to obtain access to high resolution degraded images unless connected with a specific library or digitisation project. Secondly, for all document restoration techniques, problems arise when trying to analyse results quantitatively, as there is no actual ground truth available. This problem may be overcome either by creating synthetic degraded images with known ground truth, [5] , [16] , or by creating synthetic ground truth data for given real degraded images, [2] . Alternatively, performance may be evaluated without any ground truth by quantifying how the restoration affects a secondary step, such as the performance of an Optical Character Recognition (OCR) system on the document image, [17] , [16] . A further issue with quantitative evaluations for performance comparison is that results of different methods are often in different formats, such as binary images [1] , pseudo-binary images where the background is uniform with varying foreground intensities [10] , [8] , or a textured background medium with varying foreground and background intensities [17] , [11] . We propose that a fair quantitative comparison between methods can only be achieved if they are converted to the same format then compared to a ground truth that is also of the same format, and the simplest way of achieving this is to binarise all the results and compare them to a binary ground truth. To our knowledge there are no bleed-through datasets with ground truth freely available for researchers at this time. Since converting scanned manuscript images to a suitable format for use in bleed-through restoration algorithms can be a time consuming process, we hope that the database introduced here, where all necessary processing has been done already, will prove to be a very convenient tool.
The contributions of this work are: (i) A Document Bleed-Through Database, containing 25 recto/verso image pairs, and manually created foreground text ground truth masks. (ii) A quantitative comparison method for results of different manuscript restoration algorithms, where the results are converted to a comparable format and ranked based on probability error metrics. Section 2 contains the details of the database. Section 3 describes the bleedthrough problem, and the chosen restoration techniques. In Section 4 the implementation is described and results are presented, and then discussed in Section 5. Finally the conclusions are presented in Section 6.
The Database
A new bleed-through document image database has been compiled for this work, consisting of 25 registered recto/verso image pairs, taken as crops from larger manuscript images with varied degrees of bleed-through degradation. The average crop size is 573x2385 pixels. All images contained in the database are taken from the collections of the Irish Script On Screen Project (ISOS).
1 ISOS is a project of the School of Celtic Studies, Dublin Institute for Advanced Studies, Dublin, Ireland, and is funded by the Dublin Institute for Advanced Studies. The object of ISOS is to create digital images of manuscripts written in Irish, and to make these images accessible as an electronic resource for researchers.
Image Capture. Each manuscript image was scanned at 600dpi, and also photographed. The images used for the database were the photographs, taken using a 5x4 format viewing camera with a Phase One P45 digital back. Both camera and manuscript were positioned on a specially adapted book-cradle. Each image was processed in Photoshop to crop to an optimum canvas size and superimposes a text header and footer to distinguish each page. A ruler was also placed alongside each image to indicate scale. Digital enhancement was not performed at this stage.
Crop Details. As mentioned in Section 1 some pre-processing is necessary to crop out binding, ruler markers, and digital labels that could influence the performance of intensity based algorithms. Also, as high resolution manuscript images are often very large in size it is not practical to use them for testing -smaller sections are preferable. For the database crops were taken from the larger images such that they would contain a sentence or phrase of text on both the recto and verso sides. The reason for this was to allow for the possibility of restoration evaluation using legibility improvement as a metric. All the images were converted to grayscale and saved in tif format. File names in the database follow the format "lib"."MS"."fol".tif. "lib" represents the library from which the manuscript contained in the image originates and can be one of eight labels: (i) AC -The Allan and Maria Myers Academic Centre, University of Melbourne, Australia. , and "fol" refers to either the page number, or the folio number followed by "r" or "v" to denote the recto or verso side. The ground truth images are labelled as for the degraded images, but with appended "gt.tif" to differentiate between the two.
Registration. To perform non-blind bleed-through restoration (see Section 3), the recto and verso sides must first be registered so that the bleed-through interference on both sides is aligned with its originating text from the opposite side. The registration method used involved three stages. Firstly a set of corresponding control points on both recto and verso images were manually selected. These points indicated locations of the same textual features on each side. A global affine warp model was then derived from a least squares fit to the displacements between these locations. Secondly, this affine model was used as an initialisation to the affine warp optimisation method of Dubois et al. [4] . Finally, local adjustments were made to the registration manually, using the 'gridwarp' function in NUKE, 3 that defines a grid over the source image, and allows the user to reposition the corners of squares in the grid, warping the local image region correspondingly. Some difficulties were encountered in registration of images where the crops contained text close to the manuscript binding. In these regions the page deformation is nonlinear and an affine model is unsuitable. This problem was overcome by using manual registration only, with a very fine grid over the whole image.
Ground Truth Creation. The ground truth foreground images were created manually, by drawing around the outline of foreground text on both recto and verso sides. These outline layers were then extracted from the images and filled in to create binary foreground text images, with black representing text, and white representing background. In handwritten documents, the edges of characters can often be blurred or gradually fade into the background due to ink absorption by the medium, or due to the angle and pressure of the writing instrument. This makes marking the precise location of the boundary between text and background a very subjective decision. For all the images it was decided that the edge of characters would be defined where the last traces of ink were visible when viewed in close detail, as it was considered preferable to preserve as much of the foreground text shape as possible.
Those wishing to access the database should contact Róisín Rowley-Brooke at the email address listed above, alternatively information on accessing the database may be found at: http://www.isos.dias.ie/libraries/Sigmedia/english/index.html
Bleed-Through Removal
Approaches to bleed-through restoration can be separated into two categories according to whether both sides of the document are used -non-blind methods -or one side only -blind methods. In the case of non-blind methods, there is clearly more information available to work with, however, registration is an essential pre-processing step that can pose many challenges, (see Section 2). Furthermore, there may only be an image of one side of the page available. Conversely, for blind methods registration is not necessary, but there is less image data available to work with.
Blind Methods. Blind methods are mostly based on the assumption that there are three distinct intensity groups in the degraded images -the darkest region corresponding to foreground, the brightest to background, and bleed-through somewhere in between. There are many approaches available for segmentation based on intensity, for example, hysteresis thresholding [5] , iterative K-means clustering and principle component analysis (PCA) [3] , independent component analysis (ICA), either on the colour channels [15] , or different colour space images [14] . However, the main issue with using intensity information only is that this will not be sufficient in severe cases where the bleed-through is equivalent in intensity to the foreground text. In these cases some spatial information is needed. Wolf in [17] uses intensity based clustering initially, then includes spatial information in the form of smoothness priors for the estimated recto and verso hidden label fields, modelling the problem via a dual-layer Markov Random Field (MRF).
Non-Blind Methods. Many non-blind methods use comparative intensity information from both sides to improve the performance of thresholding and segmentation algorithms. For example Sauvola's adaptive thresholding algorithm [12] followed by fuzzy classification is used in [2] , the Kullback-Leibler (KL) thresholding algorithm and the binarisation algorithm of Gatos et al. [6] are extended by adding in second threshold levels for the bleed-through interference in [1] , and ICA is extended to double-sided documents in [16] , using the recto and the flipped verso images as the sources. A model based approach is used in [9] , where a function of the difference in intensities between the two sides is used to locate bleed-through regions. Physical diffusion-based models are defined for the foreground text, bleed-through interference, and the background medium, and then a reverse diffusion model is applied on bleed-through regions to remove interference.
Selected Methods. Three recent non-blind techniques that use both spatial and intensity information were chosen to test on the database. Firstly the method for bleed-through reduction proposed by Huang et al. in [7] and [8] ,(referred to as Huang), aims to classify pixels as foreground, background, or bleed-through based on the ratio of intensities between the recto and verso sides, and spatial smoothness is enforced in a dual-layer MRF framework. The data cost energy is defined from a small set of user input training data, in the form of coloured strokes drawn by the user in the regions of each pixel class on both sides. These data are then used to define the energy via K-Nearest Neighbour (KNN) and Support Vector Machine (SVM) classification of the intensity ratios. An intrafield prior energy is used to ensure spatial smoothness in the classification of each layer, but also an inter-field prior ensures that certain label combinations between layers cannot occur, such as bleed-through in the same location on both sides. The energy is minimised using graph cuts, and areas classified as background or bleed-through are replaced with the mean background intensity value.
Secondly Moghaddam and Cheriet incorporated the diffusion model idea in [9] to a unified framework in [10] , (referred to as Mogh), using variational models for non-blind and blind bleed-through removal. Their double-sided wavelet method uses, again, a function of the difference in intensity between the degraded recto and verso sides as an indicator of bleed-through and foreground text regions, and spatial smoothness is enforced in the wavelet domain. The variational model for each side consists of three terms: a 'fidelity' term ensures the restored image is close to the original in foreground regions, and a 'reverse diffusion' term ensures the restored image is close to a uniform target background in background and bleed-through regions. These two terms are weighted by the function of the intensity difference. The third component of the model is the smoothness term, defined on the wavelet coefficients of the restored image, with a smoothing parameter λ chosen based on the estimated background of the degraded image. The smoothing term ensures that the restored image does not contain harsh cut-off at character edges and that fine details are preserved. The solution of the model is obtained using hard wavelet shrinkage.
Finally, in our previous work, (referred to as RB ) [11] , we proposed a method that is based on a linear additive mixing model for the degraded images. However, binary foreground masks are included in the model explicitly to limit the presence of bleed-through to certain regions only. The intensity information on each side is used to define the masks initially, via K-means clustering (the darkest of three clusters representing an estimate of foreground text). Spatial smoothness is enforced in a dual-layer framework, similar to [17] and [7] , but instead of solving for a binary or ternary labelling, the clean images intensities themselves are estimated using the degradation model. Intra-layer smoothness priors are used for the masks and mixing parameters on each side, and an inter-layer prior is also used for the mixing parameters to ensure that bleed-through cannot occur in the same location on both sides. Estimates for the model parameters are obtained via a variation of Iterated Conditional Modes (ICM). A secondary linear model without limiting masks is substituted every 10 iterations for the clean image estimates to ensure that the resulting clean images appear smooth with minimal visible bleed-through artefacts remaining.
Results
The implementation details and results of three chosen non-blind methods are presented in what follows. For the Huang implementation user markup consisted of 9 − 12 strokes drawn on both recto and verso sides. For some image pairs the recto or verso side were classed entirely as background, or background and bleed-through with no foreground. The result was therefore an image of constant mean background intensity. In these cases the markup was repeated with a greater amount of strokes highlighting the foreground regions until a visually good classification was achieved. In the case of Mogh also the restoration results were not optimal on some images; the smoothing parameter, λ, estimate in these instances was too low. However, unlike in the Huang results, this did not affect detrimentally the legibility of the resulting image. For these images therefore two versions of the Mogh results were examined, the results with the automatically selected λ, and a result where the value of λ was chosen manually to produce the best result visually. For RB implementation, the restoration was performed over 35 iterations for each image pair, with the alternative linear model for the clean images substituted four times -at iterations 10, 20, 30, and 35. Numerical Comparison. To compare results objectively, it is necessary to convert them to a similar format. The Huang and Mogh methods produce images with varied foreground text intensities on a uniform background so could easily be compared to the ground truth images . However, the RB method produces images with smooth transitions between foreground text and a textured background; these were less comparable with the ground truth images. Therefore the solution proposed was to binarise all the results are using the adaptive document binarisation method of Gatos et al. [6] . These binary images were then compared to the manually created ground truth images. Three probability error metrics for each method were created over the full database: FgError, the probability that a pixel in the foreground text was classified as background, BgError, the probability that a background or bleed-through pixel was classified as foreground, and TotError the probability that any pixel in the image was misclassified. These were calculated as follows:
Where GT is the ground truth, B Y is the binarised restoration result, GT (F g) is the foreground region only of the ground truth image, similarly GT (Bg) corresponds to the background region only, and N is the number of pixels in the image. The results obtained from applying the binarisation method (referred to as Gatos) to the degraded images, and then comparing these to the ground truth masks are also included in what follows. Figs. 2 and 3 show the BgError plotted against the FgError for each method over all 50 images, with overlaid ellipses defined by the mean error values and covariances between the two metrics.
Comparisons of the BgError and FgError values between images can be misleading however, as these values depend on the relative size of the background and foreground regions in each image with respect to the text character size. For example an image that is mostly background, with small text, is likely to have a much smaller BgError value than an image with large text characters covering most of the image and proportionally less background region. It is more useful therefore to rank the performance of each method on each image, via the three error metrics (least probability of error to greatest), and then use these values to obtain an overall performance rank. Comparative error rankings between methods are shown in Table 1 , where Opt refers to the optimised Mogh results, and each entry represents the percentage of times that the method listed vertically was ranked higher than the method listed horizontally. For instance Mogh (Opt) has a lower FgError than Gatos for 60% of the images. A further comparison of the ranks is shown in Fig. 4 , where the percentage of images for which each rank was obtained is shown for each metric. Ranked Pairs Voting (RP) [13] was then used to obtain an overall rank for each of the methods. The mean error probabilities, and RP rank for all three methods are shown in Table 2 . close in intensity to the background region, or where the background medium was highly textured. The choice of binarisation method helped to mitigate this; Gatos performed well itself on the degraded document images as can be seen in the rankings ( hence in terms of full bleed-through removal, however as a lot of foreground text was removed the mean FgError was the highest. The Mogh mean error values improved significantly when the manually optimised smoothing parameters were used, this is also clearly highlighted in the graphs (Figs. 2 and 3 ) as the points are much more closely grouped in the optimised graph. The pairwise rank comparisons were only slightly altered with the optimised smoothing parameter, and the overall rankings were unaffected. The fact that the RB performed best in terms of the TotErr, but was ranked third for the FgError and second for BgError emphasises the differences in results obtained from the other methods. Huang uses a relatively harsh classification which allows for no ambiguity in the results, and while Mogh creates a smooth result, since the final results are on a plain background, this makes any remaining artefacts much more noticeable. These differences however result from different aims when creating a bleed-through removal solution; the Mogh and Huang results would be suitable as inputs for optical character recognition systems to improve recognition compared to the degraded images, and also would be useful to improve compression for storage since background texture and noise has been removed. RB however, would not be suitable for these applications as the resulting images aim to leave as much of the original document intact as possible, and are targeted at researchers studying the content contained within them. Knowing these differences a priori was essential in obtaining an objective comparison between the methods.
Conclusion
A bleed-through degraded document image database has been presented and its usefulness demonstrated by comparing the results of three non-blind bleedthrough removal techniques against manually created ground truth foreground masks. Numerical comparisons between different methods will always be difficult due to the variability in the format of results produced. Binary masks were therefore created as ground truth, and the results of each method were binarised to ensure that numerical comparisons were as objective as possible. The overall ranking of results showed that the while Huang performed best in terms of complete bleed-through removal, and Mogh was ranked first in terms of foreground text preservation, RB performed best in terms of the overall error.
